Dental restoration is a complex process to recover patients' teeth using artificial materials. It is important to improve the utilization of the expensive material for cost saving. The tooth side surface is projected as a two-dimensional (2D) contour in the actual processing, which forms a packing problem of irregular contours. The 2D irregular packing has received a lot of attention in research to solve this NP-hard problem. Contours of the dental restoration are more complicated than those in traditional 2D irregular packing problems. The existing packing methods cannot obtain good results for these complex contours. In order to solve the contour packing problem of restoration models using the NC machining technology, a dental restoration contour packing algorithm is proposed based on the contour similar feature matching and collision. The algorithm uses dynamic programming for the longest common subsequence to search the solution of 2D free contour packing. Comparing with the existing packing methods, our proposed method can significantly reduce the processing time and improve the filling rate.
I. INTRODUCTION
Computer-aided prosthodontics is an important area of applying computer technologies in biomedicine. A typical prosthodontic procedure includes processes of the three-dimensional (3D) measurement of the repaired tooth, restoration model design and optimization, and NC programming for model machining [1] . Multiple operations are required in the machining process based on the need of dental restorations. Multiple restoration models may be placed in a blank material to increase the material utilization with the intelligent nesting algorithm assistance. Models are fabricated using a ''hole digging'' method, which requires adding supports between the restoration and remaining material for stability as shown in Fig.1 
. The machining boundary
The associate editor coordinating the review of this manuscript and approving it for publication was Kemal Polat . is a combination of several approximate cylinders. Boundary projections are machining contours correspondingly. Because people's tooth profiles are not same, the teeth are packed according to their batch. The machining path is formed based on boundary contours of different batches, which transfers the 3D cutting and packing problem into a 2D nesting problem [2] as shown in Fig. 2 .
The restoration surface is a kind of typical free-form surfaces, correspondingly, its boundary contour is a free-form curve. The packing problem is thus a free-form packing problem in the field of complex irregular packing problems, a variant of 2D irregular cutting and packing problems. Methods to solve the problem include algorithms of the envelope polygon packing, no-fit polygon (NFP) and discretization [3] .
The envelope polygon packing algorithm transforms the irregular contours into relatively regular contours using the smallest envelope polygon of irregular contours. Surveys conducted by Kantorovich [4] summarized mathematical methods of packing problems. Elkeran [5] solved the problem using a clustering combination method for similar contours and then enveloped them into regular contours for packing. Nevertheless, the envelope method has an inherent defect, that is, the generated contour by enveloping given contours will result in the underused interspace area, leading to the poor utilization of the raw material.
The discretization algorithm is an approximate geometric processing technology, which discretizes the material and packing parts into a set of points or pixels to make it convenient to find the adjacent collision for overlapped parts. Sato et al. [6] used a graphical description for 2D packing of irregular contours. Gomez and Terashima-Marin [7] applied the visual technology and binary images to find collision parts for overlap, but it can only detect four directions of the collision. Burke et al. [8] developed a matrix using 0-1 to represent packing parts in overlapping. Overall, the discretization method can simplify the search of partially overlapping in the collision process, but the precision of the collision between adjacent parts is affected by the discrete precision. Its operation time will be greatly increased when the discrete distance is small.
The NFP algorithm is the most widely used method for 2D irregular packing, it can calculate all contact positions between two packing parts without overlapping [9] . The NFP algorithm provides a key way to of solving 2D irregular packing problems. Leao et al. [10] used the surrounding method to solve 2D irregular packing problems, similarly to the concept of NFP, both of them attempted to find the exact solution, which is very time-consuming. Bennell and Oliveira [11] proposed a method using the NFP for non-convex parts, however, the NFP cannot handle complex contours. There have been a number of longitudinal studies [12] - [14] involving NFP. These studies reported that the anti-Minkowski sum could be used to deal with the NFP. Bennell et al. [15] proposed an improved Minkowski sum to calculate the NFP for two convex polygons, but the correct rate of processing concave polygons cannot be guaranteed because of inherent defects of the Minkowski method. The NFP algorithm can be used to obtain the exact positions where polygon parts are in contact but not overlapped, however, since the NFP method is an accurate set algorithm, the time complexity is extremely high. It is difficult to deal with non-convex polygons in a short period time. The complexity of calculating NFP is very difficult to reduce [16] .
In summary, the envelope polygon packing algorithm only simplifies packing contours. For complex contours, it will cause more narrow and unfillable cavities, affecting the overall filling rate. If the simplified contour is still irregular, such as triangle or trapezoid, other algorithms can be adopted to solve the packing problem. The discretization and NFP algorithms are effective approaches to solve irregular contour packing problems, but both algorithms need to rotate each contour to determine the final optimal position [17] . Solving a simple irregular contour packing problem by rotating contours can close to the optimal solution. However, the end face projections of the dental restorations are very complicated free-form curves. The small missed angle will be gradually enlarged in the subsequent rotation [18] . The shape of restorations is complex. To control precision and simplify data structures, a normal operation is to fit complex contours with edges or point sets. The shape usually requires hundreds of edges to ensure the accuracy described by irregular polygons. The time complexity and space complexity of NFP are exponentially related to the number of edges of the polygon. In addition, restorations have many non-convex features, therefore, it is a great challenge to apply the NFP algorithm in dental restoration packing problems [18] .
Features of the restorations shape are complex, but they can be handled using simplified means. A new packing algorithm is proposed in this paper based on similar features matching and collision strategy for dental restorations. Because the contour of the dental restoration is more complicated and singular, it is difficult to find a suitable placement position by a pure geometric algorithm in the packing process. A suitable placement position between restorations can be found by coding similar features matching. The idea of the proposed algorithm is to code given packing contours firstly, then to contrast similar features with the extracted chain code, and finally to finish the contours matching and collision with the most similar features [19] . The main objective of the proposed algorithm is to reduce the interspace among packed contours to improve the final packing utilization rate.
The main contribution of this paper is to combine the normalized Freeman Chain Code results with a dynamic programming algorithm, extract the feature sequence of the contour by removing redundant information, and use similar feature measuring and matching on the contours. Matching parts with similar contours solve the problem that the contours cannot be approximated in the above method, and can be better applied to the problem of irregular packaging of complex contours.
The remainder of the paper is organized as follows: Section 2 reviews the Freeman Chain Code of the contours and geometric invariance model of contours. We propose the contour matching and collision with similarity features based on dynamic programming algorithm for longest common subsequence in Section 3; The computational experiments for using instances taken from the literatures are reported in Section 4. Finally, In Section 5 we draw the conclusions and suggest further works.
II. ENCODING CONTOURS WITH FREEMAN CHAIN CODE (FCC) AND EXPOUND GEOMETRIC INVARIANT MODEL
A considerable amount of literature has been published for methods to encode contours, such as Wavelet Transform, Fourier Transform and Chain Code [20] . Comparing with the former two methods, Chain Code is an intuitively easy method for contour coding to extract the feature information with the geometric invariance. Freeman Chain Code (FCC) is one of the methods of Chain Code that uses a sequence to express indexical relations between adjacent units. The geometric invariant description model [21] can be used to ensure the geometric invariance of the contour.
A. DESCRIPTION AND SHAPE FEATURES EXTRACTION OF CONTOURS USING FREEMAN CHAIN CODE
A discretization method is used to divide a unit plane into 9 grids, one for each grid. As shown in Fig. 3 (a), there are 8 pixels around the center pixel Pi belonging to the discretized contour. The order is counterclockwise, and the starting point coincides with the Cartesian coordinate origin. In other words, there are 8 directions that can be defined as chains. Values of them are shown in Fig. 3 (b) . FCC is generated by tracking the contour expressed by the pixels. A flow diagram of generating the normalized the Difference Freeman Chain Code is shown in Fig. 4 .
A contour is tracked as shown in Fig. 5 . FCC is obtained to describe the shape features of the contour. A general expression of the FCC is as follows.
where S indicates the coordinate of the starting point of the pixel, which is equivalent to the absolute vector. a i is a chain code that expresses the direction between adjacent pixels, n C i=1 a i expresses the chain sequence. The obtained contour can be described using the FCC sequence. However, the relationship between adjacent pixels has not been established because the chain value is independent and defined by the fixed rule, in other words, every chain relies on the absolute coordinate system. Thus, the sequence description does not possess geometric invariance. That is, when the contour is transformed by rotation or translation, the contour shape feature description changes accordingly. The independence between the chain code values makes the chain code not have motion invariance and rotation invariance, while at the same time reducing the quality and efficiency of packing.
B. GEOMETRIC INVARIANT MODEL
The description of contours should be consistent in the geometric invariance. As the contour is positioned and contacted through rotation and translation, an optimal position can directly guide the contour positioning efficiently. Different from the geometric brute force enumeration method, this method is adaptive and avoids the problem of increasing time complexity due to enumeration. A general idea behind the model is to use the normalization vector and coefficient function to describe the curve, which requires to not rely on the absolute coordinate system in the description of a contour shape to achieve the geometric description invariance of the curve [22] .
As the contour is complex, there is no exact mathematical equation available to express it. The relationship of adjacent vectors has to be considered to form the contour geometric invariance. An entire contour is firstly discretized into polygons with some equaling units such as pixels to reduce one parameter, the length. Owing to all pixels are the same, the contour is expressed by the relationship between adjacent relative vectors. Therefore, the relationship between adjacent vectors of the contour is used as the basis for establishing the invariance of contour geometric description, as shown in Fig. 6 , where (I 1 , I 2 , I 3 , I 4 , ...., I n ) is a collection of adjacent relative vectors.
To describe the relationship of vectors, rotation angles of adjacent vectors, (θ 1 , θ 2 , θ 3 , · · · , θ n ) are selected as the basis function parameters. The relation between adjacent relative vectors is a one-to-one correspondence. Contours are described by the position vector, a 0 and the adjacent vector, (I 1 , I 2 , I 3 , · · · , I n ) whose relationships represent the contour shape features. When a contour is rotated, the original relative vector is multiplied with the rotation matrix. But the description of adjacent vector relationships will not be changed. Therefore, the geometric description invariance of a contour can be formed using (a 0 , I 1 
where the collection of F(θ 1 , θ 2 , θ 3 , . . . , θ n−1 ) indicates the relationship between adjacent vectors that possess the geometric invariance. It is consistent with the geometric invariant model in the literature. In summary, we use two parameters of the vector and rotation angle to describe the contour boundary.
III. CONTOUR MATCHING AND COLLISION WITH SIMILARITY FEATURES BASED ON DYNAMIC PROGRAMMING ALGORITHM FOR LONGEST COMMON SUBSEQUENCE
Lots of redundant information are included in the sequence of chain codes, which seriously reduces the matching efficiency and packing quality. Some measures are taken to reduce the redundancy and improve the efficiency of contours matching and collision detection as follows. Firstly, every packing contour represented by chain codes or pixels is simplified into a sequence based on some pixel feature points, and the included angle sequence is extracted from the sequence. Secondly, the longest common subsequence (LCS) of two included angle sequences will be used for the similar feature measuring and matching. A dynamic programming algorithm is developed to search the sequence represented by two contours. Finally, the contour is guided by a distance-proximity algorithm with similar features to complete the collision and position without overlap [23] .
A. SIMPLIFYING THE PACKING CONTOUR DESCRIPTION SELF-ADAPTIVELY
An adaptive simplifying algorithm is proposed to simplify the packing contour efficiently from the pixel description to feature points after obtaining the FCC with the geometric invariance for packing contours. The feature points are extracted firstly according to the distinguishing method using the Difference Freeman Chain Code and the dichotomy method. The included angles sequence of each contour will then be calculated by extracted feature point parameters [24] .
1) EXTRACTING KEY FEATURE POINTS
After obtaining the initial FCC, points on the contour can be preliminarily divided into real inflection points, doubtful inflection points and non-inflection points by calculating the difference values of FCC. If the sequence length of FCC is n, the criterion for the inflection points is as follows.
where a i represents chain i in the initial FCC sequence, a i ∈ Z[0, 7] , i ∈ Z[0, n]; b i indicates the difference between adjacent chains in the FCC sequence; v i is rotation numbers of the back chain relative to the front chain, values of v i are 0, ±1, ±2, ±3, 4. Points on the contour will be screened preliminarily into three types according to calculated values of v i and discriminant as follows.
The contour boundary has been preprocessed into the one-pixel wide edge to ensure that the value of v i is not more than 2. In other words, there will be no more than three points in 8 neighborhoods of the central point as shown in Fig. 3 (a) .
In Fig. 3 (a) , if |v i | = 2, the rotation angle of adjacent chains is 90 • , the central point can be determined as a real infection point; if |v i | = 0, the angle is 0 • , the central point is a non-inflection point. Otherwise, when the angle is 45 • , the point is known as the doubtful inflection point which has to be judged further with the discrete curvature arithmetic [25] . Fig. 5 shows the curvature expression of the doubtful inflection point in a discrete space. For the doubtful point, p i is the doubtful inflection point, p i+1 and p i−1 are points of the doubtful point within the l boundary neighborhood which has composed two vectors a and b. The vector angle θ that describes the curvature of the doubt point is calculated by the modified cosine theorem formula (4) as follows.
where the vector angle θ represents the curvature of the doubt point which is the rotation angle of vector b relative to a. Then the threshold K will be set to evaluate angle θ of each doubtful inflection point. If θ < K, the doubt point will be treated as the real infection point, otherwise, it is a non-inflection point. The above algorithm is implemented programmatically. Different results of key feature points of different contours are obtained by trying different combinations of domain radius l and threshold K, as is shown in Figs. 7 and 8 . When the threshold K is 100 • , and the domain radius l takes different values, the key feature points are extracted as shown in Fig. 7 . When the domain radius l is 6, and the threshold K takes different values, key feature points are extracted as shown in Fig. 8 .
Conclusions are drawn from the experiment of detecting and extracting contour key feature points. As shown in Fig. 7 , when the threshold is fixed and the domain radius l increases, detected points are more concentrated, and when it decreasing from 6, the number of detected points is fewer, which makes them unable to describe the contour reasonably. In Fig. 8 , the domain radius l is fixed, the threshold K increases resulting in the number of detected points also more concentrated which means detecting more redundant or error points. The threshold K decreasing results in the same result as the domain radius. Thus, lots of experiments have been tested for a better combination. Considering the contour feature of restorations, we choose the l = 6, K = 100 • as the detection standard. Some contours selected randomly has been detected for the verification, the results are shown in Fig.9 .
2) EXTRACTING ASSISTANT FEATURE POINTS
The extracted points set of every contour describes itself rough and results in losing some shape features, thus it is required to insert some assistant feature points between key feature points to ensure the integrated feature information of restoration contours. In this paper, the chain code between key points is first divided into two parts, which is to equally split other parts based on the dichotomy method until the length of each split chain code meets the preset value. The main steps of the extracting method are as follows:
Step 1: Calculate the length of chain code sequences between each two inflection points;
Step 2: Split each chain code based on the dichotomy method;
Step 3: Calculate the longest segment and shortest segment of all chain codes and difference K r after each split.
Step 4: Set a threshold K a to judge whether the split ends or not. If K r ≤ K a , the split ends.
where K r represents the difference between the longest chain code segment and the shortest chain code segment in all chain code segments. Multiple groups of experiments were tried for restoration contours, we find that the best threshold is K a = 4, which simultaneously satisfies requirements of the fewer data and higher precision. When considering extreme cases, there is a huge cavity between the current feature points (whether concave or convex). When kr≤4, due to the use of dichotomy to expand the point set, the distributed points can expand the feature points in this range to meet the accuracy requirements. The value of ka can be set to 4 in different instances. Key and assistant points of contours from Fig. 9 were detected and extracted as shown in Fig. 10 . Fig. 10 shows the results of detecting and extracting key and assistant points and results after the contour rotation. It can be clearly concluded that the extracted feature points can completely describe the original contour shape feature information. Moreover, the feature points are split according to the dichotomy method, thus the length error is very small, and the maximum error is no more than 4 pixels, which meets the requirement of equal length for calculating included angle sequences [26] . The feature extraction is based on FCC, which possessing the geometric invariance to completely describe the contour shape accurately. After rotating the contour, the extracted feature points can still clearly express the feature information of the graphic outline.
3) CALCULATING INCLUDED ANGLE SEQUENCES OF EACH CONTOUR BASED ON EXTRACTED FEATURE POINTS FOR THE CONTOUR DESCRIPTION
The relationship of every segment is established by included angle sequences based on extracted feature points. The angle sequences are used in a dynamic programming algorithm to solve the longest common subsequence of two contours for their matching and collision. The included angle θ between two adjacent features, as shown in Fig.11 , is calculated using Formula (4). Fig.10 .
Where vectors a and b are calculated using feature points G i , G i−1 , G i+1 respectively, the included angle θ is calculated as shown in Fig. 11 . The data size (the number of feature points) of the statistical results of four contours in Fig.10 is shown in Table 1 .
Feature points in Table 1 are not fixed. According to the initial point, the feature points may not be exactly the same as points before the iteration, but features of boundary contours can still be clearly expressed. From the statistical results shown in Table 1 , it is obvious that the reduction of data size for each contour is over 90%. Meanwhile, extracted included angle sequences possess almost all of the contour shape feature information for the similar feature measuring and matching using the dynamic programming algorithm for the LCS [27] .
B. THE LONGEST COMMON SUBSEQUENCE (LCS) OF TWO INCLUDED ANGLE SEQUENCES BASED ON THE DYNAMIC PROGRAMMING ALGORITHM
After obtaining included angle sequences based on extracted feature points, it is necessary to measure similar features of two contours with the angle sequences that possess the shape feature information. Similar parts between two different contours cannot be completely identical, which results in different numbers and values of elements in the sequence. This is similar to the DNA sequence similarity analysis for different species in the field of bioinformatics [28] . Different species have different DNA sequence lengths, but there are similar genes in the sequence. If the included angle sequence is regarded as the DNA sequence, the similar features of the two contours correspond to similar genes. A fact inspired by the longest common subsequence (LCS) is applied to solve the similarity analysis problem for two restoration contours based on the dynamic programming algorithm in the field of bioinformatics. Because the LCS method could allow elements of the sequence dislocation, insertion and deletion, which ensures the most similarity of two sequences [16] . The dynamic programming table is established first before calculating the LCS.
A similar threshold is set in advance to judge the similarities and differences of different elements in the sequence. The recursion formula for the algorithm of the dynamic programming table is shown as Formula (5), the improved formula is shown in Formula (6) .
The range of values of i and j is i ∈ Z[1, n], j ∈ Z [1, m] . Where C(i, j) represents the length of LCS, K p is the similarity threshold to describe the precision of the similarity of two sequences. a i and b j are elements of sequences A and B, whose lengths are n and m, respectively.
In order to expound the searching process of the algorithm, we assume two sequences A and B, which are (B, D, C, A, B, A) and (A, B, C, B, D, A, B) . The dynamic programming table is established using Formula (6), as shown in Table 2 .
After obtaining the dynamic programming table, we can solve the LCS of two sequences using a standard backtracking method from the bottom right of the table by following steps:
Step 1: If conditions C(i, j) = C(i − 1, j − 1) + 1 and a i = b j or a i − b j ≤ K p are satisfied simultaneously, values of a i and b j will be recorded and subscript values of a i and b j are updated.
Step 2: If the conditions are not satisfied simultaneously, nothing will be recorded, and equations C(i, j) = C(i, j − 1) and C(i, j) = C(i − 1, j) are evaluated. If the former is true, the new subscript value will be updated to i = i, j = j − 1, otherwise, the new subscript value is i = i − 1, j = j.
Step 3: The above steps are repeated to obtain the LCS until i = 0, j = 0. As shown in Table 3 , one of the LCS solutions is 'BCBA', and the path of backtracking is also given.
LCS of two sequences is obtained by the dynamic programming method, which represents the similar feature information of two contours, including the position of sequences and the coordinate information of starting and ending points. The information includes approximate matching information, which increases the scalability of the algorithm. After obtaining the LCS of two contours, the next step is matching and approaching two contour shapes to form a new contour shape. These operations are repeated until the packing of all contours is completed.
C. TWO CONTOURS' COLLISION AND POSITION BASED ON THE DISTANCE -PROXIMITY ALGORITHM
The most similar feature of two contours can be found from LCS. Two contours will be approached and positioned with similar features based on collision methods such as the intersection-separation algorithm and distance-proximity algorithm. They are the most widely used and mature methods as shown in Fig.12 .
In the former method, as shown in Fig.12 a) , two contours are firstly placed in the overlapping state, and then separated step by step until the overlapping area is reduced to zero, which is the final result of the two contours' collision. This method is simple to achieve in principle, however, it needs to decide the overlap of two contours, which is very inefficient and not adopted generally [29] . The former method is similar to the dichotomy method, and the steps of moving the same figure at different positions are different, which causes a problem that the moving distance cannot be determined quickly. The latter method firstly needs to calculate the projection overlap area of the two contours in the collision direction, and then the collision of two contours will be completed by calculating the minimum translation distance between the two contours in this area, as shown in Fig.12 b) . However, the above methods complete the contour collision only in a single direction, which cannot satisfy the collision requirement in this paper. After obtaining the position of the sequence and load-point coordinate information, contours' collision can be achieved in the horizontal and vertical directions by following steps as shown in Fig.13 .
Steps 1: Calculate load-point vectors of two similar parts belonging to contour Q and contour R respectively, and then angles θ 1 and θ 2 between vectors and horizontal directions are calculated, as shown in Figs.13 a) and c).
Steps 2: The contour is rotated for the angle θ 1 to make the vector parallel to the horizontal direction (X-axis). Contour Q is then translated to make the abscissa of the start point A be consistent with the abscissa of the end point C of contour R, as shown in Figs.13 b) and d).
Steps 3: Calculate the projection overlap area of two contours in the vertical direction (Y-axis). The minimum value of the difference between corresponding pixels of similar parts in contours Q and R in the projection overlap area is then calculated, as is shown in Figs.13 b) and d).
Steps 4: Translate contour Q with the calculated minimum distance in the collision direction to complete the contour adjacent collision with contour R, as shown in Fig.13 f) . Steps 5: Rotate the collision contour with angle θ 2 for contour R returning to the original state, as shown in Fig.13 e) .
The above steps are repeated until all contours are approached each other, and the contours can be most closely packed based on similar features using the proposed method.
IV. EXPERIMENTAL RESULTS
In order to verify the feasibility and effectiveness of the longest common subsequence in solving the packing problem of dental restorations, the experiment is conducted to evaluate the execution time in the case where the utilization is approximated by the filling rate as an evaluation means. The algorithm is implemented using Intel Core i5 fourthgeneration processor, CPU clocked at 3.3GHz, memory is 8 Gigabytes using the Windows operating system. MATLAB is used as the programming language, the test data set from literature [30] , [20] is approximately circular or multiple circularly attached shape entities as having experimental data set for a 40 x 40 cm square motherboard size.
Packing results are shown in Figs.14 and 5, respectively. Results shown in Figs 14 a) , b) and 15 a), b) are obtained from literature [20] , [30] using the different existing methods. Figs 14 c) , d) and 15 c), d) are packing results using the proposed method. Literature 2 [20] reproduces the algorithm of literature 1 [30] . Experimental data herein refer to data of Literature 2. final packing results. Statistical results of three algorithms' comparisons are shown in Table 4 .
From experimental results shown in Figs. 14 a) -c) and 15 a)-c), it is obvious that our algorithm can achieve better matching and collision with the complementary of contour shape features, which makes the contour distribution more concentrated to increase the number of packing contours for a higher material utilization. Meanwhile, the execution time was reduced by 44.9% at least with the same number of model packing contours as the literatures. From Table 4 , we also find that the material utilization is greatly improved, and the execution time is reduced over 30%. The experimental results verify the previous hypothesis, our algorithm can solve the packing problem of dental restorations well. But we find that the algorithm has a little flaw, when there are several large packing contours, the positioning algorithm based on the Principal Component Analysis Methodology [18] will make the contour beyond the outer boundary of the raw material. However, for a few larger contour's examples, our algorithm can simultaneously improve the packing utilization and efficiency.
V. CONCLUSION AND OUTLOOK
In this paper, contours of the dental restoration are coded by combining Freeman Chain Code and feature matching. A dynamic programming algorithm is used to match contours of different prostheses to obtain an optimal placement position. The algorithm uses Freeman Chain Code to process complex contours, makes the contours have rotation invariance. The dynamic programming algorithm is based on the Longest Common Subsequence to perform similarity feature matching. A distance-proximity algorithm is used to locate each part. Comparing with the traditional geometry, the method can better deal with free contours. According to the experimental results, our algorithm generates better results in dealing with complex contour problems of the similar dental restoration. The material utilization is improved, and the execution time is reduced. The algorithm proposed in this paper is also applicable to 2D irregular packing problems of other complex contours, and even some conventional 2D irregular packing problems. Therefore, our proposed method improves the strategy of nesting positioning in the execution efficiency for automation of the irregular nesting system.
However, the proposed algorithm has certain limitations. Because the algorithm deals with parts through the collisionproximity algorithm, there is a problem of incompatibility with the motherboard. There is no solution to the problem of four corners of a square motherboard. The similarity of contours will be assessed further to improve the versatility and practicality of the nesting system in the future work.
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